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(57) ABSTRACT 
A computer-implemented method and system for the opti 
miZation of cross-selling opportunities. Customer purchas 
ing data is received as Well as business objectives and 
constraints. An optimization model is then constructed and 
solved to maximize the expected return from each customer. 
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COMPUTER-IMPLEMENTED OFFER 
OPTIMIZATION SYSTEM AND METHOD 

CROSS-REFERENCE TO RELATED 
APPLICATION 

[0001] This application is related to and claims priority to 
US. provisional application Serial No. 60/415,011 (entitled 
“Computer-Implemented Offer OptimiZation System and 
Method” ?led Sep. 30, 2002). By this reference, the full 
disclosure, including the drawings, of US. provisional 
application Serial No. 60/415,011 is incorporated herein by 
reference. 

BACKGROUND 

[0002] 1. Technical Field 

[0003] The present invention is generally directed to com 
puter-implemented data analysis systems. More speci?cally, 
the present invention is directed to computer-implemented 
data analysis systems for the optimiZation of making offers. 

[0004] 2. Description of the Related Art 

[0005] In a typical sales organiZation, planning for each 
marketing event is performed by targeting the most pro?t 
able customers for cross-selling opportunities, that is, offer 
ing that customer other related products. A given event is 
separately planned and budgeted and the potentially most 
pro?table customers are targeted. “Most pro?table” in this 
context means most pro?table for that event, not most 
pro?table across all potential and future events. Although a 
customer may appear to be a “good bet” for a given event 
they may be more pro?table, in the long run, for another 
offer Which appears less pro?table immediately but results in 
a better application of resources across all customers and all 
events. Such an approach may not result in the most prof 
itable use of marketing resources and the highest return on 
marketing investment (ROMI) because, among other rea 
sons, it is a decoupled and sub-optimal algorithm for assign 
ing offers to customers. 

[0006] Because events are planned independently, this 
targeting of only the most pro?table customers is called a 
greedy approach. The greedy approach typically ignores 
larger business issues that tie together multiple marketing 
events and can result in offers to customers that do not result 
in the highest possible return from those customers called 
Wrong offers. In addition to being sub-optimal, the greedy 
approach may not meet overall business objectives. For 
example, certain customer segments may have hard targets 
by product. It may be dif?cult to meet these targets across 
product boundaries While still trying to achieve the greedy 
sub-optimum. 
[0007] Another approach may be to solve the customer 
offer optimiZation problem by building an integer program 
that maximiZes the expected return of each customer. To put 
this in perspective, consider an example With 10,000,000 
customers (not an unusually large number) and just 2 
products and 2 channels. The resulting integer program 
Would have 40,000,000 integer variables. This becomes 
unWieldy in many situations to solve, especially in a pro 
duction environment situation. 

SUMMARY 

[0008] In accordance With the teachings of the present 
inventions, a computer-implemented method and system are 
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provided for optimiZation of cross-selling opportunities. 
Customer purchasing data is received as Well as business 
objectives and constraints. An optimiZation model is then 
constructed and solved to maximiZe the expected return 
from each customer. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0009] The present invention satis?es the general needs 
noted above and provides many advantages, as Will become 
apparent from the folloWing description When read in con 
junction With the accompanying draWings, Wherein: 

[0010] FIG. 1 is a system block diagram that depicts the 
softWare and computer components utiliZed in the offer 
analysis system; 

[0011] FIG. 2 is a block diagram that depicts the softWare 
and computer components utiliZed in formation of customer 
aggregations; 
[0012] FIG. 3 is a data structure diagram of customer 
aggregation data; 
[0013] FIG. 4 is a block diagram that depicts the softWare 
and computer components utiliZed in solving a customer 
offer optimiZation model; 

[0014] FIG. 5 is a block diagram that depicts the softWare 
and computer components utiliZed in determining individual 
customer offers; 

[0015] FIG. 6 are computer instructions for generating 
customer data for use in an example; 

[0016] FIG. 7 are computer instructions for generating 
customer aggregation data for use in an example; 

[0017] FIG. 8 is a report depicting data associated With 
several aggregations generated during an example; 

[0018] FIG. 9 are computer instructions for performing an 
optimiZation solution involving the data of an example; 

[0019] FIG. 10 is a report shoWing results of the customer 
offer analysis system; and 

[0020] FIG. 11 is a block diagram that depicts additional 
exemplary uses of the system and method. 

DETAILED DESCRIPTION 

[0021] FIG. 1 depicts at 30 a computer-implemented 
system for identifying offers 42 to be made to customers. 
The system 30 additionally may indicate What channels 
should be used to convey that offer While accounting for 
multiple potential products and different customer segments. 
With such information, marketers can be assisted in execut 
ing their marketing campaigns in a Way that maximiZes the 
return on marketing investment (ROMI) and the long term 
value of the customer. 

[0022] The system 30 uses customer raW data 34 that is 
generated by a data mining system 32. The data mining 
system 32 generates the customer raW data 34 by estimating 
expected returns from customers for up-sell and cross-sell 
opportunities across multiple products offered over multiple 
channels. The raW data 34 for each customer may include the 
likelihood that a given product offered over a given channel 
Will be accepted, the expected return from a given product 
offer being accepted, the cost of making the offer, the 
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particular segment to Which the customer belongs, and 
Whether it is appropriate to offer the product to that cus 
tomer. 

[0023] The customer raW data 34 learned from data min 
ing system 32 is used by a customer offer analysis module 
36 to understand the issues 37 that are of interest to a 
marketer. Such issues to be addressed by the module 36 
include analyzing one or more of the folloWing: the cus 
tomer base, the products they have, channels through Which 
products may be offered, segments Within Which their cus 
tomers are, potential for ROMI due to offering the products 
to customers, and the practical business constraints Within 
Which the marketers must operate. Analysis of these issues 
37 is not limited to the aforementioned as additional issues 
may include (but are not limited to) using the customer offer 
analysis module 36 to understand potential for neW product 
development and the overall potential for cross-selling. 

[0024] To handle the analysis of large numbers of cus 
tomers, the module 36 places customers into aggregations 
based upon a customer’s similarity to other customers. An 
aggregation module 38 performs the aggregation process 
and generates aggregation data that indicates Which custom 
ers belong to Which aggregations. In this form the aggrega 
tion data populates a linear programming optimiZation 
model Which is then solved by module 40. 

[0025] The linear program solution module 40 generates a 
solution that indicates What proportion Within an indistin 
guishable aggregation group is to get a speci?ed offer 
treatment (product offer on a channel, for example). As an 
illustration, the solution may indicate for an aggregation that 
63.5% of the aggregation’s members should receive a ?rst 
treatment, 31.2% receive a second treatment, and the 
remainder receive a third treatment (or no treatment). 

[0026] This alloWs that instead of a 0-1 integer variable 
identifying Whether a speci?c offer is given to a speci?c 
customer, a continuous variable identi?es the number of 
members of an aggregation that should be given a speci?c 
offer. Then, the identi?cation of a speci?c offer 42 for each 
customer can be speci?ed using a disaggregation program. 
It should be noted that the speci?cs of this example can be 
changed and generaliZed. 

[0027] FIGS. 2-5 describe an example of a system in 
determining offers for customers. With reference to FIG. 2, 
the raW data 34 is input to the aggregation module 38 so that 
it may be used to generate aggregation data 60. In this 
example, the folloWing raW data is used: 

[0028] A unique customer id K. 

[0029] The probability of selling product i over chan 
nel j to customer K. 

[0030] The expected return from selling product i to 
customer K. 

[0031] The cost of selling product i over channel j to 
customer K. 

[0032] The segment of customer K. 

[0033] The method of the aggregation module 38 is to 
aggregate the data so that it can be made ready for use in the 
linear program optimiZation model. Because of the aggre 
gation method, the system alloWs problems With large 
numbers of customers (e.g., 10,000,000 customers or some 
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other relatively large number) to be solved. Different aggre 
gation factors may be used to form the aggregations. For 
example, an aggregation factor may be based on the cost of 
offering a customer a particular product and the expected 
pro?t of offering the customer the particular product. 

[0034] FIG. 3 depicts an example data structure 62 for the 
customer aggregation data 60. The data structure 62 stores 
Which customers belong to Which aggregations. Aggregation 
centroids can be used as representative of the data for all the 
customers Within a single aggregation. For example, an 
aggregation’s centroid may de?ne What offer cost is indica 
tive of a customer Within the aggregation as Well as What 

expected pro?t is indicative of a customer Within the aggre 
gation. Also, the aggregation’s centroid may de?ne prob 
ability that customers in the aggregation Will accept a 
product over a channel and a segment. Once in this model 
ready data form, it is ready to be used in the linear program 
optimiZation model. 

[0035] With reference to FIG. 4, the aggregation data 60 
is used by the linear program solution module 40 to optimiZe 
an objective function 70 that identi?es proportions Within 
each aggregation for each product offer that maximiZes 
expected pro?t subject to model constraints 72. The linear 
program solution module 40 considers aggregate groups of 
customers as indistinguishable. As shoWn by the folloWing, 
the linear program solution module 40 uses constraint input 
data 74 in addition to aggregation data 60 to form the model: 

0036 x-- =number of a re ation k customers to ijkl g 
offer product i over channel j and segment I. 

[0037] Pijk1=probability that customers in aggrega 
tion k Will accept product i over channel j and 
segment I. 

[0038] cij=cost to offer product i over channel j. 

[0039] Wij=budget for all offers of product i over 
channel j. 

[0040] Tk1=number of customers in aggregation k 
and segment I. 

[0041] S1=target number of customers to include 
Within segment I. 

[0042] Vi=target number of offers of product i to 
include. 

[0043] rik1=expected return from applying product i 
aggregation k and segment I. 

[0044] Model constraints 72 are constructed using the 
input constraints 74. The objective function 70 used by the 
linear program solution module 40 are subject to the model 
constraints 72 as shoWn by the folloWing: 
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[0045] Subject to: 

Z x‘jkl 5 TM Vkl Aggregation constraints 

Z xtjkl s S; V 1 Segment constraints 

ZXUMSV; vi 
.11. 

Product constraints 

2 xtjklctj 5 W0- V ij Budget constraints 
kl 

xijkl 2 0 Technical constraints 

[0046] The solution of the objective function 70 results in 
the generation of the aggregation proportion solution data 
76. The aggregation proportion solution data 76 speci?es the 
proportion of customers Within an aggregation that is to 
receive a speci?ed treatment (e.g., What product offer on 
Which channel to provide to an aggregation’s customer 
proportion). 

[0047] As shoWn in FIG. 5, the aggregation proportion 
solution data 76 is then processed by module 78 in order to 
generate offer data 42 that identi?es speci?ed offer treat 
ments on a per customer basis. A greedy algorithm 80 may 
be used to determine the offer data 42 that disaggregates the 
aggregated solution of the linear program. The identi?cation 
of the speci?c offer data 42 for each customer may also be 
accomplished using other approaches such as some random 
assignment technique 82. 

[0048] The disaggregation process may also utilize integer 
programming techniques 84 or linear programming tech 
niques 86. The disaggregation process takes the optimal 
proportions for each aggregate and assigns offers to the 
customers Within the aggregate according to those propor 
tions. This can be done With a linear program that does this 
assignment optimally and uses the proportions as con 
straints. If there are additional constraints that must be met 
by the aggregate, an integer program can be used in place of 
the linear program. These approaches may improve the ?nal 
solution over the greedy or random approaches to disaggre 
gation. It is also noted that other techniques knoWn in the art 
may be used in the disaggregation process. 

[0049] To illustrate this approach, an example With tWo 
products, tWo channels, three segments, and 1000 customers 
is presented. In this example, it is noted that customers are 
individuals Who belong to a segment and have some likeli 
hood of buying products over channels. Products are 
assumed to be available for cross-sell to an existing cus 
tomer base. A channel is a ?xed capacity vehicle for making 
cross-selling offers of products to customers. It should be 
understood that these terms may be broadly construed. For 
example, customers may broadly include actual or potential 
customers as Well as individual people, businesses or other 
types of entities that may receive offers. As another example, 
the system may handle more than products, such as services 
or other items that may be the subject of an offer. 

[0050] For the example, the customer raW data Was ran 
domly generated by the program shoWn at 100 in FIG. 6. 
For each customer in the dataset the pij are the probability of 

Apr. 15, 2004 

accepting offer i from channel j, the CU are the costs of 
making the offer, the ri are the expected return given that the 
offer is accepted, and seg is the segment. Because there are 
tWo products and tWo channels, there are four probabilities 
of accepting offer i from channel j variables p11, p12, p21, 
and p22 (shoWn respectively at 102A, 102B, 102C, and 
102D). Similarly because there are tWo products and tWo 
channels, there are four costs associated With making the 
offer variable c11, c12, c21, and c22 (shoWn respectively at 
104A, 104B, 104C, and 104D). Because there are tWo 
products, there are tWo expected return variables r1 and r2 
(shoWn respectively at 106A and 106B). The variable to hold 
the segment information is shoWn at 108. Each customer is 
uniquely identi?ed by a customer id (shoWn at 110). 

[0051] Note that the computer program 100 generates the 
pij at 120 such that they have a beta distribution. Also note 
that at 122 the returns are a function of customer position in 
the dataset. Customers at the beginning of the dataset have 
a larger return from product 1 in contrast to customers at the 
end of the dataset having a larger return from product 2. The 
cost variables are assigned constant values as shoWn at 124, 
and the segment variable is calculated at computer instruc 
tion 126 so that it may be assigned one of three values. These 
calculations are Within a do loop 128 that increments the 
customer identi?er from 1 to a predetermined maximum 
customer number (e.g., 1000). It must be understood that 
this is an example, and the numbers can be modi?ed to ?t the 
situation at hand. 

[0052] It is noted that the aggregation process may use 
many different aggregation techniques to form the aggrega 
tions based upon the offer acceptance-related data. For this 
example, the aggregation process uses a clustering tech 
nique. The example clusters the customers to aggregate for 
the linear programming approximation of the integer pro 
gram. The program shoWn at 200 in FIG. 7 performs the 
clustering and uses the centers of the clusters, saved in the 
dataset named processd (shoWn at 202), for the parameters 
pijkl, cij, and rl-kl in the linear program formulation. This 
program 200 also prepares for the capture of the Tk1 param 
eters in the cluCap dataset 204 for the cluster constraints. 
The maximum number of clusters is speci?ed to the program 
200 at 206 and may vary based upon such factors as 
variability of the data and computing resources. Typically 
the larger the number of clusters used Within the system the 
better the solution. It should be understood that although the 
programs and data shoWn herein Were constructed using the 
statistical programming system (available from SAS Insti 
tute Inc. of North Carolina), any computer system capable of 
aggregation and executing linear programs may be used. 

[0053] FIG. 8 shoWs the raW customer dataset 250 With 
cluster information (264, 266) appended including the clus 
ter 264 in Which each customer 254 Was placed. This 
information is used to assign offers to customers 254 after 
the optimal solution identi?es the product and channel 
treatment for each of the clusters 264. 

[0054] The folloWing columns are shoWn in FIG. 8: 
column 252 contains an integer observation value for 
uniquely identifying each entry; column 254 contains an 
identi?er for each customer involved in the analysis; col 
umns 256 contain the pij parameters for each customer; 
columns 258 contain the ri parameters for each customer; 
columns 260 contain the CU parameters for each customer; 
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column 262 contains in What segment each customer is 
located; column 264 contains the cluster in Which a cus 
tomer is assigned; and column 266 contains a distance value 
Which signi?es the distance the customer is from the cluster 
centroid. 

[0055] As shoWn in FIG. 9, the statistical program 300 
builds and solves the model. Four data sets setI, setJ, setK, 
and setL (shoWn at 302) are used to describe the products, 
channels, clusters, and segments, respectively. The program 
300 also has the data in the tables (discussed above) saved 
in data sets 304 from the clustered information and from 
other information such as budget and product targets. This 
includes: table 306 for “p” Which is the probability that 
customers in a cluster Will accept a product over a given 
channel and segment; a table 308 for “r” Which is the 
expected return; table 310 for “c” Which is the cost to offer 
a product over a channel; table 312 for “T” Which is the 
number of customers in a cluster and segment; table 314 for 
“S” Which is target number of customers to include Within 
a segment; table 316 for “V” Which is target number of offers 
of a product to include; and table 318 for “W” Which is 
budget for all offers of a product over a given channel. 

[0056] The linear program for solving the approximation 
to the integer program is built on top of the clustered 
information (shoWn in FIG. 8). The unknoWn (i.e., “x”) for 
the objective function 332 is speci?ed in the program at 330. 
The linear program Was subject to various constraints: the 
“T” cluster constraint at 334; the “S” segment constraint at 
336; the “V” product constraint at 338; and the “W” budget 
constraint at 340. As an illustration of a constraint used 
Within the example, the “W” constraint speci?ed that not 
more than $2,500 be spent on each channel product com 
bination. The problem is solved through execution of the 
command at 342. It is noted that different numbers and types 
of marketing constraints may be used other than the ones 
illustrated in this example. 

[0057] Once the linear program is solved the solution is 
used to identify approximate optimal product and channel 
assignments to the raW customer data. In this example, this 
assignment is given using a greedy approach. Additionally, 
the expected return for each customer Within a cluster is 
calculated and the most pro?table xijkl are selected, Where 
x__1 Was calculated by the linear program as the optimal 
number to select from the k cluster. The output from the 
greedy approach is shoWn at 350 in FIG. 10 and illustrates 
the offer data results for the last thirty-tWo customers 352 in 
the solution dataset and What product treatment 356 and 
channel treatment 358 the customers 352 should receive. 
Column 354 provides the identi?ers for the customers. It 
also shoWs the expected return 360 from folloWing that 
treatment. It is of note to compare the total expected return 
calculated this Way With the optimal linear program objec 
tive function. In this case the optimal return value is 115,420 
calculated by the linear program Which is close to the actual 
return value of 115175.63 shoWn in FIG. 10 at 362. 

[0058] The table beloW shoWs the values of the cost 
constraints in the optimiZed and actual data. The model in 
this example required that $2,500 be spent on each channel 
product combination (Which is re?ected in the actual cost). 
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Product Channel Optimized Cost Actual Cost 

1 1 2500 2490 
1 2 2500 2497 
2 1 2500 2475 
2 2 2500 2483 

[0059] The table beloW shoWs values for the optimal 
solution to the linear program and the disaggregated actual 
solution When applied to the customers for 7 different siZes. 
As the number of clusters increases these converge. 

Actual 
Clusters Optimum (# customers) 

1 58,188 2,285 (831) 
2 75,359 45,667 (831) 
4 90,840 77,176 (642) 
8 108,190 104,724 (834) 

16 113,229 110,586 (772) 
32 114,243 114,059 (819) 
64 115,420 115,175 (832) 

[0060] It is interesting to compare these values With tWo 
other approaches, the random approach and the greedy 
approach. The random approach simply picks a product and 
channel for each customer randomly and ignores any con 
straints. The greedy approach picks the product channel 
combination that gives the greatest expected return for each 
customer and also ignores any constraints. To make the 
comparison evenhanded, only 830 customers Were used in 
calculating the total expected return because approximately 
830 customers had treatments in the optimal solutions (see 
the table above for the actual number for each cluster 
number). For the greedy approach 830 best customers Were 
selected. 

[0061] For the random approach the expected return 
turned out to be 62,261 and for the greedy approach the 
expected return Was 123,287. Clearly, the optimal solution 
does much better than the random approach. Not only does 
the optimal solution exceed the expected return of the 
random approach but it is directed to satisfying the con 
straints. The greedy approach also typically does not meet 
the constraints and is an upper bound on the optimal integer 
solution. This is further exempli?ed by the table beloW 
Which shoWs hoW the random and greedy approaches com 
pare With respect to the cost constraints. 

Product Channel Random Cost Greedy Cost 

1 1 1990 O 
1 2 2343 O 
2 1 3 150 76 65 
2 2 2704 4147 

[0062] As shoWn by this table, neither the random nor the 
greedy approach provides a solution that meets the con 
straints With the greedy approach yielding particularly unsat 
isfactory results. 
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[0063] While examples have been used to disclose the 
invention, including the best mode, and also to enable any 
person skilled in the art to make and use the invention, the 
patentable scope of the invention is de?ned by the claims, 
and may include other examples that occur to those skilled 
in the art. As an example of the Wide scope of the present 
invention, the constructed model may be optimiZed by 
techniques other than linear programming, such as non 
linear optimiZation techniques. As another example of the 
Wide scope, many different types of constraints may be used. 
As an illustration, constraints may be used to specify that 
certain customers are not to receive a certain product. The 
constraints may also specify that certain customers are not to 
receive one or more products over a certain channel. Con 

straints may also specify values are to be Within a range, 
such as specifying that at least a certain amount of resources 
need to be expended provided they do not exceed a maxi 
mum threshold; or a product constraint may specify that the 
number of offers should be Within a speci?ed upper and 
loWer bound. 

[0064] The system and method described herein may be 
applied in different areas of marketing and are applicable to 
many different types of offers (such as up-sell and cross-sell 
offers). As an illustration and With reference to FIG. 11, 
capacity planning may utiliZe the system and method for 
campaign budget allocation analysis 380 and channel capac 
ity planning analysis 390. In general, campaign budgets are 
determined prior to the campaign design. The degree of 
analysis that goes into determining speci?c campaign bud 
gets, or annual campaign budgets, can vary greatly from 
institution to institution. As a strategic tool, the optimiZation 
system and method provide an opportunity to determine the 
effects of making different budget allocations in the budget 
ing process. For example, the system and method may be 
used to understand the marginal return on an additional 
dollar investment in order to determine hoW much money to 
invest in a campaign. Channel capacity planning may also 
bene?t from the system and method. As an illustration if it 
appears as though a speci?c channel is used to capacity, then 
the marginal value of the constraint may be analyZed. The 
marginal value of these constraints provides the increase in 
pro?t shoWn through the objective function (given a one 
unit increase in channel capacity). With the cost of this 
increase in capacity quanti?ed, one can determine if the 
additional investment in the channel is Warranted. This also 
helps to quantify the opportunity costs of having personnel 
shift aWay from non-campaign related Work. It is noted that 
the system and method may be stored and executed on a 
Wide range of computer architectures (e.g., stand-alone, 
client-server, etc.) and netWork structures (e.g., internet, 
etc.). 
It is claimed: 

1. A computer-implemented method for offering items 
over channels to individuals, said method comprising the 
steps of: 

receiving offer acceptance-related data for the individu 
als; 

creating aggregations of individuals based upon degree of 
similarity of offer acceptance-related data among the 
individuals; 

performing a mathematical optimiZation upon an objec 
tive function that uses proportion of aggregation indi 
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viduals in an aggregation to offer an item over a 
channel for substantially optimiZing a preselected mar 
keting-based criteria; and 

identifying through the mathematical optimiZation the 
proportion of aggregation individuals Within an aggre 
gation to offer an item over a channel that substantially 
optimiZes the preselected marketing-based criteria; 

Wherein the identi?ed proportion of aggregation individu 
als is used to determine Which items are to be offered 
to Which individuals over Which channels. 

2. The method of claim 1 Wherein individuals comprise 
businesses. 

3. The method of claim 1 Wherein individuals comprise 
individual people. 

4. The method of claim 1 Wherein the individuals com 
prise existing customers. 

5. The method of claim 1 Wherein the individuals com 
prise potential customers. 

6. The method of claim 1 Wherein items comprise prod 
ucts. 

7. The method of claim 1 Wherein items comprise ser 
vices. 

8. The method of claim 1 Wherein a data mining system 
generates the offer acceptance-related data. 

9. The method of claim 1 Wherein the individuals are 
customers, Wherein the offer acceptance-related data is pro 
vided as customer raW data, Wherein the customer raW data 
is generated by estimating expected returns from customers 
for up-sell or cross-sell opportunities across multiple items 
offered over multiple channels. 

10. The method of claim 9 Wherein the customer raW data 
for each customer may include the likelihood that a given 
item offered over a given channel Will be accepted, the 
expected return from a given item given the offer is 
accepted, the cost of making the offer, and the particular 
segment to Which the customer belongs. 

11. The method of claim 1 Wherein the aggregations are 
created based upon an aggregation factor, Wherein the 
aggregation factor comprises cost of offering an individual 
a particular item and expected pro?t of offering the indi 
vidual the particular item. 

12. The method of claim 1 Wherein the mathematical 
optimiZation uses a linear program to identify proportions 
Within each aggregation for each offer that maximiZes 
expected pro?t subject to at least one preselected model 
constraint. 

13. The method of claim 12 Wherein the model constraints 
comprise an aggregation constraint. 

14. The method of claim 13 Wherein the model constraints 
comprise a segment constraint. 

15. The method of claim 14 Wherein the model constraints 
comprise an item constraint. 

16. The method of claim 15 Wherein the model constraints 
comprise a budget constraint. 

17. The method of claim 1 Wherein the mathematical 
optimiZation comprises a non-linear optimiZation technique. 

18. The method of claim 1 Wherein the objective function 
substantially maximiZes the return on marketing investment 
(ROMI). 

19. The method of claim 1 Wherein an aggregation 
comprises a centroid that is used as representative of the data 
for all the individuals Within the aggregation When perform 
ing the mathematical optimiZation. 
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20. The method of claim 1 wherein the mathematical 
optimization uses a linear program. 

21. The method of claim 1 Wherein the identi?ed propor 
tion is represented as a continuous variable that identi?es 
number of members of an aggregation that should be given 
an offer. 

22. The method of claim 1 Wherein the individuals are 
customers, Wherein the offer acceptance-related data is pro 
vided as customer raW data, Wherein the aggregations are 
disaggregated using the identi?ed proportion of aggregation 
individuals in order to obtain approXimate optimal item and 
channel assignments, Wherein the obtained item and channel 
assignments are approximately optimal With respect to the 
raW customer data. 

23. The method of claim 1 Wherein a greedy algorithm 
uses the identi?ed proportion of aggregation individuals in 
a cluster to determine Which items are to be offered to Which 
individuals over Which channels. 

24. The method of claim 1 Wherein a random assignment 
algorithm uses the identi?ed proportion of aggregation indi 
viduals to determine Which items are to be offered to Which 
individuals over Which channels. 

25. The method of claim 1 Wherein the determination of 
Which items to offer to Which individuals over Which chan 
nels enhances long term value of the customer. 

26. The method of claim 1 Wherein the determination of 
Which items to offer to Which individuals over Which chan 
nels is directed to offering of such items to customers over 
multiple events. 

27. The method of claim 1 Wherein the determination of 
Which items to offer to Which individuals over Which chan 
nels is used to understand overall potential for cross-selling. 

28. The method of claim 1 Wherein the determination of 
Which items to offer to Which individuals over Which chan 
nels is used to understand potential for neW product devel 
opment. 

29. The method of claim 1 Wherein the mathematical 
optimiZation is used in campaign budget allocation analysis. 

30. The method of claim 1 Wherein the mathematical 
optimiZation is used in channel capacity planning analysis. 

31. The method of claim 1 Wherein the aggregations of 
individuals are clusters of individuals, Wherein the clusters 
are created based upon degree of similarity of offer accep 
tance-related data among the individuals. 

32. Computer softWare stored on a computer readable 
media, the computer softWare comprising program code for 
carrying out a method according to claim 1. 
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33. Acomputer-implemented apparatus for offering items 
over channels to individuals based upon offer acceptance 
related data that is associated With the individuals, said 
apparatus comprising: 

an aggregation data structure for storing aggregations of 
individuals that have been created based upon degree of 
similarity of offer acceptance-related data among the 
individuals; 

a mathematical optimiZation program having a data con 
nection to the aggregation data structure, Wherein the 
mathematical optimiZation program performs a math 
ematical optimiZation upon an objective function that 
uses proportion of aggregation individuals in an aggre 
gation to offer an item over a channel Which substan 
tially optimiZes a preselected marketing-based criteria, 
said mathematical optimiZation program substantially 
optimiZing the preselected marketing-based criteria 
With respect to preselected business constraints; and 

a disaggregation program that uses the proportion of 
aggregation individuals determined by the mathemati 
cal optimiZation program to determine Which items are 
to be offered to Which individuals over Which channels. 

34. Acomputer-implemented apparatus for offering items 
over channels to individuals, comprising: 

means for receiving offer acceptance-related data for the 
individuals; 

means for creating clusters of individuals based upon 
degree of similarity of offer acceptance-related data 
among the individuals; 

means for performing a mathematical optimiZation upon 
an objective function that uses proportion of cluster 
individuals in a cluster to offer an item over a channel 

for substantially optimiZing a preselected marketing 
based criteria; and 

means for identifying through the mathematical optimi 
Zation the proportion of cluster individuals Within a 
cluster to offer an item over a channel that substantially 
optimiZes the preselected marketing-based criteria; 

Wherein the identi?ed proportion of cluster individuals is 
used to determine Which items are to be offered to 
Which individuals over Which channels. 


